In global a multi-media model, uncertainty of model results for DDT is quantified by MonteCarlo Simulation and Bayesian updating is used to improve model results by including field data. 
Introduction
Dichlorodiphenyltrichloroethane (DDT) is an insecticide that has been used worldwide since the 1940s for controlling agricultural pests and to combat vectors of insect-borne diseases, such as typhus or malaria. DDT is hydrophobic and resistant to biotic and abiotic degradation, which makes it very persistent in the environment. For this reason, DDT has been banned in several industrialized countries in the 1970ies, and later globally under the Stockholm Convention (1) . However, its use continues for malaria combat purposes in certain countries, as discussed in (2) . The global emission inventory of DDT (3) (4) (5) (6) , its partitioning properties (7, 8) , and environmental half-lives (9-12) have been investigated extensively. Yet considerable uncertainty remains in properties inferred from these measurements, particularly in the degradation and partitioning properties, owing to DDT's highly hydrophobic behavior.
The extent to which these knowledge gaps affect our understanding of the global fate of DDT may be significant. For example, Schenker et al. (2) have used past emissions and DDT property data to predict DDT concentrations in various matrices of the environment with a global contaminant fate model. In general, modeled concentrations corresponded well with field data, but several disagreements were identified. For example, the model overestimated atmospheric concentrations of DDT in the Arctic. Schenker et al. (2) , indicated that the disagreements are likely due to uncertainties in certain model inputs, such as the octanolwater partition coefficient (K OW ) of DDT. Pontolillo and Eganhouse (13) showed that K OW values of DDT vary by more than three orders of magnitude among different studies.
When model predictions differ from measurements, researchers often attribute these differences to uncertainties in model inputs, as was the case for Schenker et al. (2) . However, without a detailed and systematic uncertainty analysis, it is not clear that the attribution is correct. Model developers are making progress on this front, with several recent papers reporting on efforts to assess the relative contribution of different model inputs to uncertainty in model results (14) (15) (16) (17) (18) (19) (20) . However, most of these studies are limited to a local scale or rely on analytical uncertainty calculations (21) to reduce the calculation time of the uncertainty assessment. MacLeod et al. (17) suggest the use of more general Monte Carlo methods (22) when chemical-specific fate, exposure, and/or risk assessments are performed. These methods make possible the assessment of uncertainties in non-linear systems and of model inputs with complex and sometimes correlated uncertainty distributions. The updated model inputs, in particular substance properties, are presented along with possible explanations for differences between original and updated values. However, the present study can only partially assess the uncertainties that are associated with environmental fate modeling of a chemical such as DDT. We have, for instance, not taken into account model or scenario uncertainties (25, 26) .
Methods

The CliMoChem Model
The CliMoChem model (23, 27) has been used to calculate the behavior of chemicals in the environment. CliMoChem is a global, zonally averaged, temporally resolved (level IV) environmental fate model with a temporal resolution of three months. 
Monte Carlo Simulations
Monte Carlo Simulation is a technique that is used to construct a distribution of model outcomes for complex, non-linear systems with a large number of uncertain and sometimes correlated inputs (22, (30) (31) (32) . First, model input datasets are randomly generated from the domain of possible input values according to the selected uncertainty distributions. Then, in a large set of model runs, model outputs are calculated for each of the model input datasets.
From each of these model runs, the output is stored for analysis. Correlations between the model outcome and model input values used in a Monte Carlo Simulation can be used to identify important parameters, assumptions and processes in the model. In the application that follows, we use the CrystalBall software (33) to perform 5,000 model runs. To ensure that the number of runs was sufficient, we performed the updating in two different sets of 2,500 runs, and verified that the differences between the results of these two sets of 2,500 runs each and the complete set of 5,000 runs were small. Furthermore, Figure S6 We have tracked 90 model outputs in the uncertainty analysis: concentrations in air, ocean-water, and vegetation-covered soil in the Arctic, the temperate, and the tropical regions (nine outputs), every ten years from 1945 to 2035 (10 times).
Prior Uncertainty Distributions
We describe parameter uncertainty using probability distributions for 47 model inputs, including substance properties (degradation rate constants, partition coefficients, and their temperature dependencies), emission rates, and model parameters. The Supporting Information (Table S2) gives detailed information on all model inputs, their probability distributions, and the methods used to estimate them. We have selected log-normal distributions for parameters that were bound between 0 and infinity (such as degradation rate constants, activation energies, and partition coefficients), normal distributions for parameters that were bound between +/-infinity (such as energies of phase change for partition coefficients), and triangular distributions for parameters that are bound between two given values. Uncertainty of DDT emissions was characterized by two scaling factors for past and future emissions (which have higher uncertainties). Both scaling factors were assigned lognormal distributions around the geometric mean of one. For the release pathways of DDT, we have assumed a triangular distribution for emissions into soil of 80% to 100%, with a most likely value of emissions to soil of 90%, as in ref. (2) . We did not account for uncertainty of the location and time where DDT emissions occurred, because the model outputs are relatively insensitive to these variables (34) . Furthermore, we did not attribute uncertainty distributions to some model parameters, in particular the temperature in the model, and the zonal distribution of OH radical concentrations. Establishing reliable uncertainty distributions for these parameters would have been very challenging. Therefore, uncertainties related to these model parameters have to be considered part of the model uncertainty (25,26) that we have not considered in the present study.
The CliMoChem model also uses a number of environmental parameters that are uncertain (e. g. particle deposition velocity, organic matter content of a given soil type, eddy diffusion in air, etc.) for which we have estimated uncertainty distributions based on previous assessments (15, 17, 18, 35) . The Supporting Information (Table S2) provides further details about the magnitude and uncertainty distributions of these parameters. We have assumed that none of the model inputs are correlated, as asserted in previous studies (14) (15) (16) (17) (18) 36) .
Using Rank Correlations for Sensitivity Analysis
The rank correlation between a model input and model outcome from a Monte Carlo Simulation can be useful for identifying model sensitivities. CrystalBall calculates the Spearman Rank Correlation Coefficient (37) of model inputs and outputs, which was used for the present calculations. A positive rank correlation coefficient for a model input indicates that an increase in the value of that input generally leads to an increase of a model output, whereas negative rank correlations indicate the opposite. The magnitude of the absolute value of a rank correlation for a particular input indicates the importance of that input to the model outcome. In addition to providing insight into importance of specific model inputs, the rank correlations can highlight important processes in the model. For example, emissions have high rank correlation coefficients for concentrations in the Arctic in the 1960s, but much less so after 2000, when rank correlation coefficients for degradation rate constants increase. This can be explained by the fact that emission rates are important for Arctic concentrations as long as DDT is emitted in the temperate zone, close to the Arctic. When emissions shift towards the tropics, the transport mechanism into the Arctic becomes less efficient, and the decrease of Arctic concentrations is driven by the degradation of DDT stocks inside the Page 8
Arctic. It is also important to note that model sensitivity to specific inputs can change over time.
Bayesian Monte Carlo Approach
Bayesian updating can be seen as a complex way of calibrating a model. In a simple model calibration, a given single model input is typically adjusted in a way that a given model output matches a field measurement. Bayesian updating techniques do more than this, and adjust several model inputs to many different field measurements simultaneously, and take into account uncertainty of field measurements, to avoid over-fitting.
Different Bayesian updating techniques have been described in the literature (22, 38, 39) . Each of these updating techniques has its advantages and disadvantages. 
We update on multiple independent observations from various environmental media and geographical regions, so p(O|Y k ) represents the probability of observing all field results considered simultaneously (S = number of independent observations, in the present case S = 6, see below, subsection on measurement data used for Bayesian Monte Carlo assessement):
We assume a normal distribution for the likelihood function, as used by others (for instance ref. (41)) and because we do not have sufficient data to support the choice of a different distribution type (the subscript s of O is dropped in eq. 3):
where σ ε is the standard deviation of the measurement errors in O.
The posterior mean of all model inputs and outputs (V') can be calculated from the posterior probability of each model run (p' k ) and the prior value V k of the corresponding model input or output value of model run k:
The standard deviation of each of the model inputs and outputs can be found with:
To respect the constraint that our probability function (equation 3 above) holds true for normally-distributed measurement errors only, measurements in the environment were converted into log-values and the standard deviations of the log-values were estimated. The concentrations from the model were also converted into log-values and used for the updating.
Equally, when calculating updated model inputs, we compiled log-values for the log-normally distributed model inputs.
Measurement Data Used for Bayesian Monte Carlo Assessment
For the BMC assessment, we used the DDT measurements reported in ref. (2), (Figure 2 therein). These concentrations of DDT in air, ocean water, and soils of the Arctic, the temperate, and the tropical regions are based on underlying individual measurement studies.
We calculated ranges of environmental concentrations and associated measurement errors (σ ε in equation 3) from the variation in the data between studies. Because measurements in temperate and tropical ocean water and Arctic soils are based on a single measurement each, the ranges of environmental concentrations and associated measurement errors could not be calculated. As a result, these media were excluded from the BMC assessment. Table 1 shows prior and posterior statistics for some of the most influential model inputs.
Results and Discussion
Uncertainties of Model Results Prior to Bayesian Updating
Bayesian Updating of the Most Important Model Inputs
Half-lives in soils (k soil ) and ocean water (k water ) remain fairly unchanged, indicating that literature data on degradation half-lives is well suited to reproduce measured DDT concentrations in the environment. The scaling factor for past emissions (S past ), the ratio of emissions into soil (R soil ), and the logK AW also do not change appreciably from prior to posterior values, even though the sensitivity analysis indicated they are important to the model. This again implies that the distribution of values taken from the literature is appropriate for this type of environmental fate calculation.
The posterior DDT degradation rate constant in the atmosphere (k' air ) is approximately three times faster than previously assumed (2). Quantitative Structure Property Relationship (QSPR) data from the AOPWin software (42) indicates that DDT reacts quickly with OH radicals in the gas phase (even faster than the posterior estimate), but to establish the prior value of the atmospheric degradation rate constant, data from AOPWin was combined with measurements derived from smog chambers studies (9,10), which suggest longer half-lives for DDT in the gas phase. Because in the model the concentration of DDE in air relative to that of DDT was lower than in the field data, we considered in ref. (2) that the atmospheric degradation rate constant for DDE might have to be reduced relative to that of DDT.
However, the Bayesian updating suggests that the degradation rate constant of DDT might Page 13
have to be increased, and the value initially given for DDE (also from AOPWin) might be appropriate.
The median of the posterior logK OW of DDT is 0.2 log units higher than the prior median, which was estimated from a large number of direct but highly variable measurements. Pontolillo and Eganhouse (13) collected values of logK OW between 3 and 7.
However, based on additional knowledge from DDT field data, we find posterior uncertainty to be significantly tighter with the 95% interquantile range only about +/-0.85 log units. decreasing the temperature in the Arctic by 2-3 °C. Another point might be that some processes in the environment take place at temperatures that are below the monthly averages that we use in our model (e. g. degradation in air might take place in the high atmosphere with temperatures significantly below the ones at the earth's surface). 
Comparison of Model Results with Field Data
In the comparison of model results with DDT field data in ref. (2) Similarly, in temperate soils, the median of the BMC model results lies between the median of the original model results and the measurement data. However, improved model fit was not consistently observed across all regions and phases. In the temperate atmosphere, the posterior model output shifted away from the measurements (see Figure S5 in the Supporting Information). This is likely because the reduction in the deviations between measurements and model results in other compartments were quantitatively more important in the overall updating process.
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The graphs with the temporal evolution of DDT (Figure 1 ) can be redrawn with the results from the BMC approach (Supporting Information, Figure S2 ). Uncertainty ranges in the model results decrease due to the additional information that has been gained from the measurement data. Furthermore, concentrations in soils (in particular in the temperate region and the Arctic) seem to decrease more slowly than originally predicted. The reason for this can be found in the increased temperature dependencies of partition properties and half-life in soil. This suggests that DDT might be more persistent in the Arctic and temperate soils than initially predicted.
The Bayesian Monte-Carlo simulations and the sensitivity analysis have increased the understanding of the processes that govern the global fate and persistence of DDT. Substance properties of DDT and emission data have been identified as the most important sources of uncertainty. The Bayesian updating provides insight on how to select and restrict model inputs. For example, the scaling factor for past emissions has not been markedly modified by the updating, indicating that the information we used probably represents the amount of DDT emitted relatively well. This is important because there is only little information available on DDT emissions (only two different studies were used to construct the emission scenario presented in ref. (2)). Furthermore, the Bayesian updating suggests that uncertainties in the K OW of DDT might be lower than previous estimates. In the case of the atmospheric degradation rate constant, additional information has been gained that might help to select the optimal degradation rate constant among different suggestions from measurement or QSPR data. When the environmental fate of other substances is modeled in the future, we suggest that Bayesian updating techniques be used in order to take advantage of all available 
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observations to reduce uncertainties. Updating methods, such as the Bayesian Monte-Carlo method that was employed here, reduce differences between model results and field data. We hope that the present manuscript contributes to an increased awareness of uncertainty, and illustrates that better predictions and subsequent policy-decisions may be taken when uncertainties are explicitly considered in future modeling studies.
